Resting-state fMRI is a well-suited technique to map functional networks in the brain because unlike task-based approaches it requires little collaboration from subjects. This is especially relevant in clinical settings where a number of subjects cannot comply with task demands. Previous studies using conventional scanner fields have shown that resting-state fMRI is able to map functional networks in single subjects, albeit with moderate temporal reliability. Ultra-high resolution (7 T) imaging provides higher signal-to-noise ratio and better spatial resolution and is thus well suited to assess the temporal reliability of mapping results, and to determine if resting-state fMRI can be applied in clinical decision making including preoperative planning. We used restingstate fMRI at ultra-high resolution to examine whether the sensorimotor and language networks are reliable over time -same session and one week after. Resting-state networks were identified for all subjects and sessions with good accuracy. Both networks were well delimited within classical regions of interest. Mapping was temporally reliable at short and medium time-scales as demonstrated by high values of overlap in the same session and one week after for both networks. Results were stable independently of data quality metrics and physiological variables. Taken together, these findings provide strong support for the suitability of ultra-high field resting-state fMRI mapping at the single-subject level.
Introduction
Functional magnetic resonance imaging (fMRI) is a key tool for clinical practice because it can be used to map brain function noninvasively. It has been extensively applied in preoperative planning to identify eloquent cortex leading to substantial improvement of clinical outcomes including better risk assessment (Kundu et al., 2013; Petrella et al., 2006) and diminished risk of neurological deficits post-surgery (Hall et al., 2005; Wengenroth et al., 2011) . Conventional fMRI mapping protocols for preoperative planning require patients to execute simple tasks in the scanner (task-based fMRI), such as fingerthumb opposition and hand grasping for sensorimotor mapping, and verb-to-noun generation or picture naming for language mapping (for a review see Sunaert (2006) ). Evidently, mapping results will depend on the subjects' ability to perform such tasks and this can be an obstacle to the implementation of task-based fMRI in clinical settings, particularly in patients with cognitive or physical impairments (Price et al., 2006) . One straightforward alternative to task-based fMRI is the study of functional connectivity during rest: resting-state fMRI (rs-fMRI).
Resting-state fMRI allows the study of spontaneous, low-frequency ( < 0.1 Hz) fluctuations that occur at the whole brain. It can be used to segregate functional networks of interest for preoperative planning such as the sensorimotor and language networks Shirer et al., 2012) . Previous studies have demonstrated that rsfMRI extracted networks are similar to their task-based homologues, both in healthy (Kristo et al., 2014; Mannfolk et al., 2011; Tie et al., 2014) and clinical populations (Branco et al., 2016; Rosazza et al., 2014; Sair et al., 2016) . Most importantly, comparisons with the goldstandard direct cortical stimulation indicate that rs-fMRI can efficiently map eloquent cortex (Cocheraeu et al., 2016; Mitchell et al., 2013) , as well as contribute significantly to the quality of the mapping procedure when combined with task-based fMRI (Fox et al., 2016) . With promising advances in the field, it is now indispensable to assess if rs-fMRI is temporally reliable enough to be used in clinical decision making. Even though a few studies have reported good grouplevel temporal reliability of rs-fMRI (Shehzad et al., 2009; spatial smoothing that hinder the anatomical precision necessary for accurate assessment of temporal reliability. The lack of high spatial resolution may result in poor estimation of the true reliability of rsfMRI. This issue can be addressed thanks to the increasing availability of ultra-high field MRI scanners at 7 T; these have millimetre spatial resolution and are better able delineate functional networks (De Martino et al., 2011; Hale et al., 2010; Sanchez-Panchuelo et al., 2010) . Given its excellent spatial resolution and high SNR, ultra-high field MRI is well suited to investigate temporal reliability, and it can provide compelling evidence as to whether resting-state fMRI is feasible, or not, in clinical settings.
In this study, we use ultra-high resolution 7 T MRI to examine if rsfMRI can consistently identify two functional networks of major importance in preoperative planning -the sensorimotor and language networks. We will assess the temporal reliability of mapping outcomes in the same session (intrasession reliability) and after one week (intersession reliability). Finally, we will test whether data-quality and physiological measures affect the reliability of this mapping procedure.
Methods

Participants
Data used in this study were obtained from a publicly released dataset from the Consortium for Reliability and Reproducibility (CoRR, project (Gorgolewski et al., 2015) . This dataset contains test-retest data from 22 adult volunteers scanned four times over a time-period of one week. Two subjects were excluded from our sample: subject 5 because he was left-handed, and subject 11 because he was scanned with a different voxel size than the remaining subjects. Thus the dataset we used consisted of 20 right-handed subjects (10 men+10 women) that were scanned with the same rs-fMRI sequence. Their mean age was 24.8 ± 1.9 years.
Imaging protocol
The imaging protocol is presented by Gorgolewski et al. (2015) ; a brief description follows. Subjects were scanned in a Siemens 7 T Magnetom scanner with a combined birdcage transmit and 24-channel phased array receiving coil. Resting-state fMRI data was acquired using a 2D sequence with the following parameters: time of repetition (TR) =3000 ms; time of echo (TE)=17 ms; partial Fourier 6/8; GRAPPA acceleration factor iPAT=3; field of view (FOV)=192×192 mm 2 ; flip angle 70°; slice thickness=1.5 mm; in-plane pixel size=1.5×1.5 mm 2 ;
and axial slices=70. 
Procedure
As before, the procedure is detailed in Gorgolewski et al. (2015) and here we only recapitulate the main points. Subjects had two scanning sessions exactly one week apart, and in each session two rs-fMRI protocols were performed within a one-hour interval (15 min each, 300 volumes). In the present study, we examined intrasession reliability by comparing protocols 1 and 2 (also referred to as time 1 and time 2; same scanning session), and intersession reliability by comparing protocols 1 and 3 (time 1 vs. time 3; one week interval).
Subjects were instructed to relax (but not sleep) in the scanner with their eyes open, while viewing a fixation cross presented on the screen. Before each scanning session, physiological and behavioural data were collected. These included mood, sustained attention, blood pressure (diastolic and systolic, left and right), pulse (left and right), hydration, caffeine intake and sleep habits.
Data preprocessing
Data preprocessing and subsequent analyses were performed using the Oxford Centre for Functional Magnetic Resonance Imaging of the Brain Software Library (FMRIB, Oxford U.K.; FSL version 5.0.9). Structural data was skull-stripped using the procedure as follows. First, the second inversion image (INV2) was multiplied by the uniform contrast image (UNI) to reduce noise amplification outside the brain. Then, the resulting image was skull-stripped using BET (Smith, 2002) with the built-in bias-field and neck removal option. Finally, this image was binarized, refined manually, and used as a mask to extract the brain from the original UNI image. Cerebral spinal fluid (CSF) and white-matter (WM) masks were obtained from the skull-stripped brain image using FAST (Zhang et al., 2001) . To ensure no overlap between gray matter (GM) and CSF masks, each subject's CSF mask was manually edited to include only voxels within the lateral, third and fourth ventricles. Finally, CSF and WM masks were conservatively eroded by 1 voxel.
For resting-state data, the initial three volumes were discarded to account for T1 saturation effects. Motion correction was performed by aligning all volumes to a middle reference using MCFLIRT (Jenkinson et al., 2002) and corrected for magnetic susceptibility artefacts using FUGUE (Jenkinson, 2003) . Data were skull-stripped using BET (Smith, 2002) and spatially smoothed using a Gaussian full width at half maximum (FWHM) filter of 3 mm; smoothing was performed so that other pre-and post-processing steps were viable (e.g., ICA denoising), but was kept at a minimum to preserve high spatial resolution. Data were denoised using ICA-AROMA (Pruim et al., 2015a) . White-matter and CSF mean time series were extracted by computing the average time courses within structural WM and CSF masks, and removed from the data through multiple linear regression. Finally, residuals were high-pass filtered at a FWHM 100s cutoff.
To reduce the impact of coregistration errors and avoid additional smoothing of the data, all analyses were performed on the subjects' functional space. To compare across time-point protocols, functional maps were warped to each subject's structural image and kept at the native resolution of 1.5 mm 3 isotropic voxels using FLIRT (Jenkinson et al., 2002 ) with boundary-based registration (Greve and Fischl, 2009) . After coregistration, we applied spatial normalization to warp the standard-space masks into each subject's structural space and to perform group-level analyses. Transformation matrices from structural to standard MNI space were obtained through 12 degrees-of-freedom registration with FLIRT, and were further refined by non-linear registration with FNIRT (Andersson et al., 2007) .
Data analysis
Resting-state networks were extracted with independent component analysis (ICA) followed by a dual regression approach. To do so, preprocessed data was fed into MELODIC single-session ICA (Beckmann and Smith, 2004) . The number of extracted components was estimated with FSL default Laplacian approximation (Beckmann and Smith 2004) . Independent components (ICs) were thresholded using a mixture-model cut-off of 0.5 for an equal weight on falsepositives and false negatives (Woolrich et al., 2005) . All analyses were performed at the single-subject level. Although each subject performed multiple resting-state protocols, each run was analysed separately to mirror mapping results as if they had been acquired only once, as it typically happens in clinical settings.
Sensorimotor and language ICs were identified using a templatematching procedure similar to that used in previous studies (Branco et al., 2016; DeSalvo et al., 2016; Tie et al., 2014) . Briefly, the ICs were identified through spatial comparison against previously published group templates (Shirer et al., 2012) . To do this, we calculated spatial overlap using the Dice coefficient with the following equation:
Eq.
(1). Dice-coefficient
where M 1 and M 2 represent the number of supra-threshold in each mask, and M overlap the number of supra-threshold voxels that are present in both masks. The Dice coefficient provides a measure of overlap between two masks, M 1 and M 2 ; it varies between 0 and 1, higher values representing higher similarity. Dice coefficients were computed between each IC and the sensorimotor and language group templates, and were ranked according to spatial similarity, from highest to lowest. The five highest ranked ICs for each network were visually inspected by two of the authors (PB and DS) with blinding to the classification ranking. Each IC was independently rated using a seven-point scale according to the confidence with which it was attributed to each network (1=very unlikely; 7=very likely). Independent components with average confidence ratings of 6 and above were considered as belonging to the corresponding network. These ICs were merged into a single mask for each network after applying a threshold of z=5. These masks were then used to re-estimate the corresponding network using a dual-regression approach (Beckmann et al., 2009; Filippini et al., 2009) . First, for each subject, the mask containing the selected ICs was spatially regressed against the whole-brain preprocessed data to estimate each network's timecourse. Next, the estimated timecourses were temporally regressed against the whole-brain data to obtain subject-specific networks. Finally, resulting maps were converted to z scores. With this approach we expected to improve the estimation of single-subject networks by solving potential ICA overdecomposition and obtaining whole-brain connectivity indices that were appropriate for the interpretation of reliability metrics.
Group level results
To obtain group-level maps for each network, results from the three time-point protocols were averaged for each subject and network. These averages were used in a nonparametric one-sample t-test using the FSL randomise permutation tool (Winkler et al., 2014 ) with a voxelwise FWE-corrected threshold of p < .01.
Reliability metrics
Temporal reliability of resting-state language and sensorimotor networks was estimated with the two most widely used fMRI reliability metrics: Dice coefficient (Rombouts et al., 1998) and intraclass correlation (ICC, Shrout and Fleiss, 1979) .
The Dice coefficient quantifies the proportion of supra-threshold voxels that are common across measurements, and thus it can vary according to the threshold used. For this reason, we calculated Dice coefficients at fixed z thresholds, from z=2 to z=20 in steps of 0.5. Additionally, as thresholds can vary across subjects and sessions (Gorgolewski et al., 2012) , we also thresholded each subject's mask such that a fixed number of significant voxels were kept within a mask, ranging from 1000 to 20,000 voxels in steps of 1000, and computed corresponding Dice coefficients (see Kristo et al. (2014) for a similar approach). Networks were in native (ultra-high) resolution with isotropic voxel sizes of 1.5 mm 3 . The total volume of the masks ranged from 3375 to 67,500 mm 3 (1000 to 20,000 voxels, respectively).
Intraclass correlation examines the stability of the activity at all brain voxels with no thresholding required. It takes into account the magnitude of activation and not just its spatial extent. As in Kristo et al. (2014) and Raemaekers et al. (2007) , we used the two-way random ICC (formula 2.1 from Shrout and Fleiss, 1979) for absolute agreement between pairs of measures. This ICC variant examines the proportion of total variance that is explained by intra-voxel variance and provides an individual measure of the stability of voxel intensities for pairs of measures. Although it has a few known limitations (for example, preprocessing steps such as spatial smoothing can bias the ICC towards higher reliability; Bennett and Miller, 2010; Caceres et al., 2009 ), we used here because it is well suited to data modeling and it would allow us to compare our results with those of Kristo et al. (2014) , who also examined test-retest reliability in single-subject resting-state mapping. The following equation was used to calculate the ICC: Eq. (2). Two-way intraclass correlation for absolute agreement
where BMS refers to the mean square of the variance in z values between voxels, JMS to the mean square of the column differences in voxel z values between measurements, EMS to the mean squared error term, k the number of sessions (2) and n to the number of targets (# of voxels). Intraclass correlation values were transformed using a Fisher r to z transformation to approach a normal distribution before parametric statistics:
For both Dice and ICC reliability metrics, we performed analyses at the whole-brain level and analyses restricted to regions of interest (ROI). We selected different ROIs from those used in the ICA templatematching procedure to prevent selection bias. For sensorimotor regions, we used a combined mask from the precentral and postcentral gyrus taken from the Harvard-Oxford cortical atlas (Desikan et al., 2006) , with a minimal probability of 20%. For language regions, we used Fedorenko et al. (2010) ROIs combined into a single mask; these ROIs were validated in healthy subjects and represent high-level language regions that are consistently identified across large samples of individuals (Mahowald and Fedorenko, 2016) .
For an additional measure of mapping efficiency, we examined the percentage of supra-threshold voxels that lay within ROIs using masks sizes of 1000, 5000 and 15000 voxels. This measure-a trade-off between sensitivity and specificity-indexes whether the networks were reliably confined within classical ROIs.
Unless otherwise specified, the reliability metrics described above were analyzed using repeated-measures ANOVAs with Network (sensorimotor vs. language), WB/ROI (whole-brain vs. ROI values) and Comparison Type (intrasession vs. intersession) as within-subject factors. Post hoc comparisons were performed with paired sample t-tests, with Bonferroni correction for multiple comparisons. Significant results are reported in the text; full statistical results can be consulted in the Supplementary material, Tables s2 to s8.
Potential confounding factors
We examined whether the temporal reliability of rs-fMRI could be explained by measurement related factors. We selected three indices that have been singled out as critical for test-retest reliability: temporal SNR (Bennett and Miller, 2010) , head motion (Gorgolewski et al., 2013) and between-protocol coregistration error (Fernandez et al., 2003) . Temporal SNR was calculated after motion correction and immediately before spatial smoothing, after removing the first three functional volumes to exclude T1 saturation effects (as in Gorgolewski et al. (2013) ). We computed it for each subject and protocol by calculating the mean and standard deviation of the data (across all brain voxels) and taking their ratio. Temporal SNR was averaged across protocols 1 and 2 to obtain intrasession temporal SNR estimates, and across protocols 1 and 3 to obtain intersession estimates. Head movement was indexed by the average framewise displacement across all volumes (Power et al., 2014) in order to provide a frame-by-frame quantification of head movement. Estimates for intrasession head motion were obtained by averaging protocols 1 and 2, and intersession head motion by averaging protocols 1 and 3. Coregistration error was assessed by calculating the spatial correlation between the mean functional images of each protocol after warping from functional to structural space (Gorgolewski et al., 2013) . In order to facilitate the interpretation of coregistration error, we computed dissimilarity scores by subtracting the correlation coefficient from 1 (1−r), higher values representing more error. Intra-and intersession coregistration errors were computed by comparing protocols 1 vs. 2, and 1 vs. 3, respectively.
We also examined how other measures available in the dataset might have affected the imaging results, albeit in an exploratory way. We chose a set of variables based on their statistical distribution (normality), variability, and how well they stood for each subjectrelated category (sleep habits, hydration and cardiovascular data). For sleep habits, we calculated the difference between the hours slept in the previous night and the usual average sleeping hours (self-report). For hydration, we used the thirst measure in which subjects reported how hydrated they felt on a scale from 1 to 9. For cardiovascular data, we derived two measures: pulse, by averaging the left and right arm pulse counts; and blood pressure, by averaging the systolic blood pressure of both arms. As these measures were collected only once per scanning session (see Procedure), we used data from the first session for the intrasession reliability analysis, and the average of both sessions (day one, and one week after) for the intersession reliability analysis.
To estimate how each of the selected variables impacted on the reliability estimates, multiple regressions were calculated (as in Gorgolewski et al. (2013) ). Given the relatively low ratio of subjects to variables, two separate models were fit to the data: the first model included data-quality metrics (temporal SNR, head motion and coregistration error), and the second included subject characterization data (sleep habits, hydration, pulse and systolic blood pressure). To further examine the relative importance of each variable, we used the Lindeman-Merenda-Gold metric with the R package relaimpo (Grömping, 2006) ; this metric iteratively reorders the variables to check for the contribution of each variable to the total variance explained by the model. The models were computed for intrasession and intersession Dice and ICC reliability estimates of the sensorimotor and language networks.
Results
Extraction and classification of the sensorimotor and language networks
The average number of components extracted with the ICA procedure was similar across the three time-point protocols: 49.9, 49.4 and 52.3 for protocols 1, 2 and 3, respectively (F(2, 38)=1.1, p=.34, ns). Sensorimotor networks were identified for all subjects in the three protocols with high interrater agreement (Krippendorf α=.86). For each subject and protocol, there was an average of 2.2 sensorimotor ICs (range 1-4). Regarding the language networks, there were 3 cases out of 60 (20 subjects×3 protocols) in which no IC received an average confidence rating of 6 or 7 (see Methods). Upon visual inspection of these cases, we decided to include the next best IC candidate, which indeed had confidence ratings of 5 or higher and was rated 6 by one of the raters. For each subject and protocol, an average of 1.09 ICs (range 1-2) were selected for the language networks; interrater agreement was moderate (Krippendorf α=.72).
Group-level sensorimotor and language networks
The regions identified as the sensorimotor and language networks (see Fig. 1 ) were consistent with previous studies. For the sensorimotor network, we found significant clusters in the bilateral precentral and postcentral gyrus, as well as in the supplementary motor area. For the language network, the significant clusters were in classical language regions including the left inferior frontal gyrus and the left posterior middle temporal gyrus. Table 1 shows a summary of the three largest clusters for each network and respective MNI coordinates. Sensorimotor and language group maps can be further inspected at Neurovault.org (http://neurovault.org/collections/CIQVCXUR).
Temporal reliability estimated with Dice overlap at fixed z values
High temporal reliability was observed using Dice overlap values (see Fig. 2a for Dice values at different threshold levels). In whole-brain analyses, intrasession Dice values for the sensorimotor network were 0.632, 0.595 and 0.562, at thresholds of z=3, z=6, and z=9, respectively. Corresponding values for intersession Dice were 0.599, 0.584, and 0.532. High Dice values were also observed for the language network: intrasession 0.593, 0.560, 0.532 and intersession 0.580, 0.526 and 0.488, at thresholds of z=3, z=6 and z=9, respectively. Dice values in ROI analyses were generally higher than in the whole brain (Fs(1, 19) > 237.85, ps < .001,n p 2 > .93): in the sensorimotor network they reached 0.890, 0.849 and 0.805 intrasession, and Fig. 1 . Group-level statistic maps for the sensorimotor (a) and language networks (b) obtained with non-parametric one-sample t-tests (voxelwise threshold at p < .01, FWE corrected).
P. Branco et al. NeuroImage 168 (2018) 499-508 0.867, 0.817 and 0.769 intersession, at z thresholds of 3, 6 and 9, respectively. Corresponding values for the language network were 0.744, 0.712 and 0.689 intrasession, and 0.736, 0.695 and 0.659 intersession.
At the three threshold levels reported above, the differences between intrasession and intersession Dice values were not significant (Fs(1, 19) < 2.96, ps > .10, ns; all interactions Fs(1, 19) < 1.95, all ps > .18). However, Dice values were higher in the sensorimotor than in the language network (main effects of network, Fs(1, 19) > 11.26, ps < .01, n 2 p > .37) and this effect was more pronounced within ROIs than in the whole brain (interactions network x ROI/WB, Fs(1, 19) > 63.33, psn 2 p < .001, > .77). Despite high Dice coefficients, the volume of the maps varied considerably between sessions and subjects according to mask size (see Fig. 2b ). As larger masks lead to higher coefficients (Kristo et al., 2014) , in order to have reliability estimates unbiased by mask size we computed Dice overlap using fixed size-based masks.
Dice overlap with fixed size-based masks
An alternative thresholding procedure is to select a z cutoff value such that for a given statistical significance level all masks have a fixed number of active voxels (Kristo et al., 2014) . We evaluated the overlap between protocols at a range between 1000 and 20,000 voxels in steps of 1000 voxels. At the smallest mask size (1000 voxels) the average z threshold for the three protocols was 16.16 ± 2.39 for the sensorimotor and 14.49 ± 1.50 for the language network. At the largest size (20,000 voxels), corresponding values were 8.93 ± 2.43 (sensorimotor network) and 7.64 ± 1.57 (language network). Following visual inspection of the differently sized masks, we defined 5000 voxels as a conservative threshold and 15,000 voxels as a conventional threshold. For clarity, only the results for these thresholds will be reported in the text; values of the full range of mask sizes are shown in Fig. 3 .
Again, Dice values were high. In whole-brain analyses, intrasession Dice values for the sensorimotor network reached 0.574 and 0.602 at conservative and conventional thresholds, respectively; corresponding values for intersession reliability were 0.548 and 0.588; for language, analogous values for intrasession reliability were 0.518 and 0.557, and for intersession reliability 0.512 and 0.541 (conservative and conventional thresholds, respectively). In the ROI analyses, Dice values were generally higher (all ps < .001, see Fig. 3 ), but also not significantly different within or between sessions (Fs < 1, ns). Specifically, for the sensorimotor network, intrasession Dice values were 0.693 and 0.616 and intersession values were 0.675 and 0.583, at conservative and conventional thresholds, respectively; for the language network, corresponding Dice values were 0.632 and 0.559, intrasession, and 0.617 and 0.549, intersession, respectively. With conventional thresholds, the sensorimotor networks were more reliable than the language networks (main effect of network, F(1, 19)=6.29, p=.02, n p 2 =.25), but with conservative thresholds this effect did not reach significance (F(1, 19) =3.68, p=.07, ns).
Temporal reliability estimated with intraclass correlation
In whole-brain analyses, good ICC values were observed for the somatosensory network: intrasession ICC was 0.65 ± 0.11 (range 0.48-0.83), and intersession ICC 0.61 ± 0.14 (range 0.3-0.92). The results were similar for the language network: intrasession ICC: 0.63 ± 0.12 (range 0.37-0.77), intersession ICC: 0.60 ± 0.14 (range 0.35-0.96; see Fig. 4 ). Within ROIs, ICCs were higher than in the whole-brain (F(1, 19)=97.3, p < .001, n p 2 =.84; interaction comparison type x ROI/WB, F(1, 19)=3.51, p=.08, ns; all remaining interactions, F < 1). They reached 0.75 ± 0.13 (range 0.39-0.91) intrasession and 0.70 ± 0.15 (range 0.32-0.93) intersession in the somatosensory network. Likewise for the language network: 0.73 ± 0.11 (range 0.48-0.86) intrasession, and 0.69 ± 0.12 (range 0.53-0.97) intersession. The effects of comparison type and of network were not significant, both F < 1.
Resting-state mapping specificity
To better probe the reliability of mappings across sessions, we inspected the percentage of voxels within ROIs at mask sizes of 15000, 5000 and 1000 voxels. The sensorimotor network was well delimited within the ROIs, with average values for the three protocols ranging from 58% to 62% at the conventional 15000 voxel mask, 72% to 78% at the conservative 5000 voxel mask, and 84% to 89% voxels at the smallest mask (1000 voxels). Language networks were not so well delimited within the ROIs, with 43% to 46% of all voxels falling inside the conventional mask, 55% to 58% in the conservative one, and 66% to 69% in the smallest one. ANOVAs confirmed that the sensorimotor network was better captured in the ROIs than the language network in all mask sizes (all ps < .001). 3.7. Reliability, data quality and subject related factors
As mentioned before, two regression analyses were calculated: the first on data quality metrics (temporal SNR, head motion and coregistration error) and the second on subject-related confounds pertaining to sleep (relative hours of sleep in the previous nights), hydration (relative water intake), and cardiovascular parameters (pulse and systolic blood pressure). Both analyses were tested independently on two reliability metrics: whole-brain Dice at a fixed mask size of 15000 voxels and whole-brain ICC.
Regarding data quality in relation to intrasession reliability, no significant relationships were observed with Dice values (sensorimotor network, F(3, 16)=1.5, p=.26, ns; language network, F < 1, ns). Fitting the same model to ICC also led to non-significant results (sensorimotor and language networks, Fs < 1, ns). Considering intersession reliability, data quality factors significantly explained the Dice values in the sensorimotor network (R 2 =44%, adjusted R 2 =34%, F(3, 16)=4.19, p=.023), but not in the language network (F(3, 16)=1.43, p=.27, ns). Only coregistration error contributed significantly to the model (t=3.09, p=.007) with a relative contribution of 33% (head motion: 6.4%, p=.25; temporal SNR: 5.3%, p=.80). The same model applied to the ICC metric revealed a non-significant R 2 of 22% (sensorimotor network: F(3, 16)=1.53, p=.25, ns; language network: F(3, 16)=1.1, p=.37, ns).
Regarding the analyses on subject related factors, no significant results emerged neither in intrasession nor in intersession reliabilities in Dice or ICC metrics of the sensorimotor and the language networks (all Fs < 1; for details, see Supplementary Material, Tables s5 to s8).
Additional examination of data quality metrics and temporal reliability
Coregistration error significantly explained the Dice reliability metrics in the intersession comparison, but not in the intrasession one. To examine if this result was a consequence of repositioning the head inside the scanner, we ran additional analyses including the second protocol of the second session (see Procedure). This fourth protocol, hereafter protocol 4, differed from the second protocol of the first session in that the subject exited the scanner, was asked to sit upright and was moved into the scanner again (the subject remained in the scanner between protocols 1 and 2). Thus, head position had to be reset between same-day protocols 3 and 4. The same pre-and postprocessing pipeline as applied in the previous analyses was used, as well as same multiple-regression modeling approach (see Methods). Protocols 3 and 4 were then compared using Dice coefficients at a fixed mask-size of 15000 voxels and whole-brain ICCs 1 . When comparing coregistration error between protocols 3 and 4, one subject stood out as an outlier (subject 18, 3.4 SDs from the mean). This subject was excluded from further analyses due to the violation of normality in the sample (Kolmogorov-Smirnov test, p < .05). A repeated-measures ANOVA on coregistration error with Comparison Type (protocols 1-2 or intrasession 1, protocols 1-3 or intersession, and protocols 3-4 or intrasession 2) as within-subject factor showed significant differences between comparisons (F(2, 36)=26.77, p < .001, n p 2 =.60). Coregistration error between protocols 1 and 2 (0.004 ± 0.001) was significantly lower than between protocols 1 and 3 (0.01 ± 0.003; p < .001) and protocols 3 and 4 (0.006 ± 0.003; p=.018), and the difference between these two was also significant (lower coregistration error for intrasession 2 than for intersession, p=.018). The data quality model applied to the Dice coefficients revealed non-significant R 2 s of 21% for the sensorimotor network (F(3, 15)=1.3, p=.31, ns) and 11% for the language network (F < 1, ns). The same pattern emerged for the ICC reliability metric, with non-significant R 2 s of 14% for the sensorimotor network (F < 1) and 27% for the language network (F(3, 15)=1.84, p=.18, ns). Full statistical data regarding these analyses can be consulted in the Supplementary material, Table s9 .
Discussion
The aim of this study was to determine the temporal reliability of resting-state fMRI at ultra-high resolution for single-subject mapping of the sensorimotor and language networks. We examined reliability in two different time-scales: within one hour or so of the same recording session (intrasession reliability) and in a different session one week later (intersession reliability). Our results can be summarized in three major points. First, both the language and the sensorimotor networks were accurately identified in each subject in the three time points; this reveals the suitability of rs-fMRI as a tool for single-subject brain mapping. Second, ultra-high resolution rs-fMRI mapping was stable over time, with robust reliability metrics within as well as between sessions. Third, neither data quality metrics nor subject related physiological variables affected the reliability of the language network mappings, but coregistration error lead to lower Dice coefficients in the sensorimotor network. Taken together, these findings indicate that sensorimotor and language mapping via ultra-high resolution rs-fMRI is robust enough to be used at the single-subject level and thus holds promise for clinical applications.
The extraction of functional networks on the basis of individual data, including patients with atypical brain morphology, is one of the major challenges to the suitability of rs-fMRI for single-subject brain mapping. We used ICA as a tool for that purpose because previous studies had shown that it was feasible even in subjects with altered brain anatomy (Branco et al., 2016; Rosazza et al., 2014; Sair et al., 2016) . We found that sensorimotor and language networks were consistently identified by two blinded raters with high (sensorimotor) and moderate (language) interrater agreement. ICA overdecompositions were observed for the sensorimotor network (2.2 components on average), but not for the language network (1.1 components on average). The potential problem of overdecomposition was addressed by employing a dual regression approach that is well established in the field (Beckmann et al., 2009; Filippini et al., 2009 ), but unlike in most studies we used masks extracted at the single-subject level (e.g., Camchong et al., 2009) instead of group-level masks. This innovation proved to be effective, as the identified networks were able to capture well-known brain regions for sensorimotor and language functions delimited within typical ROIs. An alternative approach would have been to limit the ICA dimensionality to a reduced number of ICs (DeSalvo et al., 2016) . However, this has drawbacks such as the subjectivity associated with choosing the adequate number of ICs and the risk of merging the principal network with unrelated ICs or noise, that we think might undermine its use for single-subject mapping. The high reliability results that we have obtained lend credence to the adequacy of our procedure.
Regarding the temporal stability of the rs-fMRI mappings, the different metrics used to estimate reliability converged on very positive results. The intra-and intersession Dice coefficients obtained in the whole-brain were quite high (about 0.57) and even higher within ROIs (about 0.65). Note that when applying a fixed z threshold, the number of active voxels varied considerably across subjects and time-point protocols, a consequence of the well-known difficulty in setting an adequate threshold for single-subject data (Gorgolewski et al., 2012) . As reliability scores are expected to increase at larger mask sizes (Kristo et al., 2014) , applying the same threshold criteria irrespective of mask size to different subjects may lead to over-or underestimation of Dice scores. This led us to pursue an alternative thresholding procedure such that the reliability estimates would be comparable across subjects and time point protocols. We used the same approach as Kristo et al. (2014) in which the threshold is set according to the number of significant active voxels. Even though this is a rather conservative criterion, we obtained Dice values higher than .50 for both networks even with small mask sizes of 5000 voxels. Good ICC values were also observed for both networks in whole-brain analyses and especially within ROIs. This superiority of within-ROI in relation to whole-brain ICCs is consistent with previous reports (e.g., Pinter et al., 2016) , and it is not surprising as the voxels within ROIs are supposed to be directly linked with the networks under study.
Sensorimotor networks were found to be more reliable than language networks using Dice coefficients (at fixed z scores, and fixed mask sizes). This goes in line with previous evidence that mapping higher-level cognitive networks is less reliable than mapping sensorimotor and visual networks Pinter et al., 2016; Shirer et al., 2015) . Larger variability related to subject-specific states during scanning might have played a role in our result of less reliability for the language in comparison with the sensorimotor network. Similar reliability estimates were observed for short (hours) and medium (7 days) timescales in both networks. This is coherent with previous reports that rs-fMRI networks are stable over periods of days to weeks (Mannfolk et al., 2011; Meindl et al., 2010) . Other studies have demonstrated reliable rs-fMRI networks within larger timescales of months (5-16 months: Chou et al. (2012) ; Zhu et al. (2014) ) and even years in individuals scanned multiple times over longer periods (1 year: Laumann et al. (2015) ; 3.5 years: Choe et al. (2015) ). So our findings add to converging evidence on the temporal stability of rs-fMRI networks.
How does the magnitude of the reliability estimates found here compare with values found with conventional and better studied taskbased fMRI? In a review of task-based test-retest reliability with various tasks, Bennett and Miller (2010) point to average values of 0.45 for Dice and 0.50 for ICC. In a study of single-subject test-retest metrics, Gorgolewski et al. (2013) found average whole-brain Dice values of 0.515 for motor mapping (finger tapping), and of 0.502 and 0.452 for language mapping with verb-generation and verb-repetition, respectively. More recently, Morrison et al. (2016) reported singlesubject average whole-brain Dice values of 0.55 for a hand-squeezing task, 0.49 for a phonemic fluency task and 0.56 for a rhyme judgment task. Across these studies, the reliability of task-based fMRI fell between 0.31 to 0.67 when measured with Dice coefficients and between 0.17 to 0.75 when measured with ICC. Our reliability results here were in the upper range of those values, suggesting that ultra-high field rs-fMRI can be as reliable as task-based approaches. Interestingly, in a direct comparison of single-subject task-based vs. rs-fMRI testretest metrics, Kristo et al. (2014) found an ICC of 0.42 for task-based fMRI but only 0.25 for rs-fMRI. Here, we obtained average ICC values almost three times higher. There are several differences between the rsfMRI methods of two studies: Kristo et al. (2014) used a seed-based correlation approach whereas we resorted to ICA and dual-regression analysis; their length of acquisition time was 4.05 min (400 volumes) whereas ours was 15 min (300 vol), and it is known that longer scanning times improve reliability (Birn et al., 2013) . However, an important difference is that that Kristo et al.'s data were acquired at 3 T and ours at 7 T.
One of the key aspects of the present study is the use of ultra-high resolution. The main requirement for accurate reliability estimates is a precise delineation of the networks under study, which is not warranted if large voxel sizes or large amounts of spatial smoothing are used -an unavoidable constraint with lower magnetic fields. The good reliability estimates that we have observed here with 7 T MRI hold great promise for the clinical applications of ultra-high field resolution imaging. However, one should also be aware of its limitations. These include heightened sensitivity to motion and physiological artefacts, dielectric resonance effects, as well as magnetic susceptibility artefacts that may cause geometric distortions in the functional images; all of these hinder the accuracy of the image registration procedure. Indeed, we found that coregistration error was the only significant confound that affected the reliability metrics measured with a one week interval (in the sensorimotor network). Besides, coregistration errors were larger between sessions than within session: a threefold increase in relation to the two protocols of the first session, where the subject did nor leave the scanner and so head repositioning was not needed, and 1.5 times larger in relation to protocols of the second session, where head repositioning occurred. Furthermore, while in a same-day scanning session just one fieldmap was acquired and used for both fMRI runs, between sessions a new fieldmap was used. The introduction of a second fieldmap and potential differences in field inhomogeneity might have impaired the quality of coregistration and thus reduce reliability. Interestingly, in a previous study with 3 T imaging (Gorgolewski et al., 2013) between-session coregistration error was not significantly related with reliability metrics. This is consistent with our interpretation that working with 7 T data poses important technical challenges regarding the correction of geometric distortions induced by magnetic field inhomogeneities. It is worth mentioning that the impact of coregistration error was detected only in the sensorimotor network; this network might be more susceptible to coregistration error and field inhomogeneity than the language network because of its more restricted spatial topography and closeness to the cranium.
We did not observe a significant contribution of motion or temporal SNR to the reliability metrics. With a small sample size as here (20 subjects), this result must be interpreted with caution. A plausible interpretation is that it is at least in part due to recent advances in artefact removal including ICA denoising, which substantially improve the quality of fMRI analyses and rs-fMRI reproducibility (Pruim et al., 2015b) . Although definite conclusions cannot be drawn from our null result, it is tempting to put forward the hypothesis that motion sensitivity of 7 T MRI is not a critical issue for temporal reliability if adequate pre-processing steps are taken. Similarly, we found no relationship between subject-related variables (sleep habits, hydration, pulse and blood pressure) and reliability metrics. This suggests that these variables contribute little to the reliability of rs-fMRI as measured here. Previous studies have reported changes in rs-fMRI connectivity related to fluctuations over time in psychological, physical and metabolic variables Poldrack et al., 2015) . It remains to be seen whether such changes are large enough to impact on single-subject network mapping, and these questions deserve to be explored in the future.
In conclusion, our results provide strong support for the suitability of rs-fMRI for single-subject mapping, adding to the evidence recently provided by Mannfolk et al. (2011 ), Rosazza et al. (2014 , and Tie et al. (2014) . We demonstrated for the first time that rs-fMRI at ultra-high resolution could reliably map two important networks, the sensorimotor and the language networks. This sets the ground for future ultrahigh field clinical applications that require single-subject mapping including preoperative planning. Whether this reliability can be obtained in clinical samples should be the focus of future studies.
